This paper calls attention to what is arguably the most notable advancement in survey experiments over the last decade: conjoint designs. The benefit of conjoint design is its capacity to study and compare the causal effects of several dimensions simultaneously.
Hainmueller et al., 2014).

The Added Benefits of the Conjoint Design
Compared to the traditional survey experiment, conjoint design's strengths lie in its capacity to include more factors and to study multidimensional choices. As an example, consider a study that identifies how certain attributes of a newspaper affect its credibility. One highly important factor could be the newspaper's distribution mode, that is, testing whether people trust offline newspapers more than their online counterparts.
We then have two issues we need to overcome. First, the effect of the distribution mode is ambiguous. For instance, if we, following the example above, experimentally manipulate the distribution mode, we cannot know whether we have identified the effect of the newspaper format or simply that this effect is masking the effect of other factors, such as the newspaper's age or use of entertainment news. After all, newspapers with a traditional paper format were probably founded a long time ago, and online newspapers-at least in the Norwegian context-might be more oriented toward entertainment news than printed newspapers. Thus, the effect of the distribution mode may mask that people trust a source because of its legacy and content, rather than that the format as such has an effect on trust. To isolate the effect of distribution mode, we need to account for other factors that might mask the actual effects. One approach is to technically include these other factors but simply hold them constant at one value, say, include only old newspapers with no entertainment news. This we could do with a conventional survey experiment. Then we would know the effect of the distribution mode, but only for one particular case. However, conjoint designs add the possibility of identifying the effect of the distribution mode more generally, that is, averaged over all possible combinations of related factors.
Second, respondents' judgment of credibility, like most other judgments and decisions, are, conceptually, multidimensional. To evaluate a newspaper's credibility, respondents would ideally need information about other relevant factors as well. Even if we isolate the average effect of the distribution mode on credibility, we cannot know how important this factor is compared to other relevant factors, such as the newspaper's amount of entertainment news, party affiliation, and ethical violations. Whatever distribution mode effect we find may seem substantive in isolation but in reality, be potentially insignificant compared to other factors. Conjoint designs solve this issue by enabling the researcher to identify the effect of the distribution mode and many other factors at the same time. Thus, we can assess the effect of one factor and compare this effect to the effects of various other factors.
Empirical Examples of How Conjoint Experiments Can Be Applied in
Political Communication Research
We have explained the added benefits of conjoint designs in general. In this section, we will present two very different applications of conjoint analysis that are specific for political communication research. We do not go into detailed analysis of the results here but use these examples to walk the reader through methodological choices that need to be made and how the results are analyzed. The code for replicating these exemplary analyses can be retrieved from the online appendix.
The first study is an example of the traditional conjoint design and illustrates how the technique detailed by Hainmueller et al. (2014) can be beneficial for studying political communication phenomena. The second study illustrates how the logic of conjoint design can be innovated, extended to, and tailored for studying phenomena specific to political communication.
Data
We collected the data for both examples through the Norwegian Citizen Panel (NCP), a probability-based online survey panel in Norway. We fielded the experiments in the eight (March 6 to April 21, 2017) and ninth (May 11 to June 6, 2017) waves of the NCP. The respondents were invited through a postal recruitment of 25,000
Norwegian individuals, randomly sampled from Norway's National Registry-an official list of all residents of Norway (for details about response rates or other methodological matters, see Høgestøl (2017a, 2017b) ).
Example 1: The Traditional Choice Based Conjoint Experiment
The first example illustrates the traditional choice based conjoint design (Hainmueller et al., 2014) . In these designs, respondents face a choice between two profiles. These profiles list a range of attributes in a table where the particular levels for each attribute in each profile are randomly assigned. In this case, the table with the two profiles contains information about two news publications (see Figure 1 for a screenshot of the design), and the choice task is to choose which news source is the most trustworthy.
Choosing the Attributes. When designing conjoint experiments, one must choose which, and how many, attributes to include in the experiment. Bansak et al. (2017) test how far researchers can push these limits in terms of the number of attributes included in such profiles and show that treatment effects are robust to a large number of tasks and attributes.
In the present design, we include eight different theoretically relevant attributes that we assume affect people's trust in a news source. The full list of attributes and attribute levels are shown on the Y-axis in Figure 2 . This design enables an analysis of the effects of a publication's distribution mode (Kiousis, 2001 ) and reveal possible masking effects, and compare the distribution mode effects to the effects of other relevant attributes such as the amount of entertainment news (Ladd, 2012) , and the age of the publication.
The design is a 3 x 2 x 3 x 3 x 3 x 3 x 3 x 10 factorial design, equaling more than 29,000 possible combinations. This means that only a fraction of the possible profile combinations is ever observed. However, as Hainmueller et al. (2014) show, we do not need to observe all possible combinations to identify the average marginal treatment effects of each component. These effects are identifiable under a set of assumptions that is likely to hold in a typical conjoint experiment : (a) that the respondent would make the same choice if presented with exactly the same profiles again, (b) that the ordering of profiles within a choice task does not affect the response, (c) and that the randomization of each attribute is either conditionally or completely independent of the other attributes ( see Hainmueller et al., 2014, p. 8-9,13,16) .
The inclusion of several attributes can result in absurd or impossible combinations (e.g., a 20-year-old medical doctor with 30 years of work experience) (Hainmueller et al., 2014, p. 9) . We may choose to keep these highly unlikely combinations, remove and replace them, or strive for a design that does not produce them. In the present design, we chose the latter option. If specific combinations are removed, certain measures must be taken in the analysis (see Hainmueller et al., 2014, p. 20) .
Choosing the Procedure. In order to achieve the required statistical power, researchers should aim for a large number of observations. When designing conjoint experiments, researchers must typically choose whether to field a study with a large sample (e.g., representative survey) and few choice tasks or a study with a small sample (e.g., lab experiment) and many choice tasks. Bansak et al. (2018) test how many choice tasks respondents can rate in a row before survey satisficing degrades response quality and show that treatment effects are robust to a large number of tasks in a row.
Thus, the choice of procedure is often guided by cost-in larger time-sharing surveys (e.g., TESS) with many respondents, it might be cheaper to run one choice task with many respondents and vice versa in surveys where sample size is more expensive than survey space (e.g., Amazon Mechanical Turk).
As we fielded this experiment in a large time-sharing survey, the respondents evaluated one comparison between a pair of news publications, as shown in Figure 1 .
The study puts a random sample of 1955 participants in the NCP in the position of news consumers. We ask them to choose between two hypothetical online news publications. We show respondents a screen with profiles of the two news publications (see Figure 1 ) with the following introduction: "We are interested in examining what makes people trust different sources of news. Below, we have created two hypothetical news sources. Please read the descriptions of both sources carefully and answer the question below". We then instruct the respondents to indicate "which of these two do you think would be the most reliable source to report the news in a fully, accurate and many readers) represents the average effect of readership on the probability that the news publication will be chosen as reliable, that is, the average of the effect of readership across all possible combinations of the remaining attributes, weighted by the probability of getting each combination (and in this case, all combinations are equally likely). Each attribute level is compared to a different attribute level within the same attribute. The researcher just chooses a reference category.
The AMCEs can conveniently be estimated without bias with a linear regression model (under assumptions a, b, and c) where we include an observation for every individual profile and regress the dependent variable (i.e., selected a profile or not) on all levels of each attribute (except the reference level for each attribute) (Hainmueller et al., 2014, p. 14-15) . To get unbiased estimates of the variance, because respondents are given two profiles in each task, and often perform several choice tasks, the standard errors need to be corrected for with within-respondent clustering (e.g., using "cluster" in Stata, see Hainmueller et al., 2014, p. 16-17) . Available statistical software libraries in R (e.g., the cjoint package by Strezhnev, Berwick, Hainmueller, Hopkins, and In experimental approaches to selective exposure, respondents are often required to make a choice and select one or more news stories over others. However, selective exposure in the real world involves multidimensional choices with many factors, such as the partisan reputation of the source (source cues; Mummolo, 2016) , the pro or con message frame of an issue (message cues; Knobloch-Westerwick et al., 2017) , the valence of the headline (negativity bias; Knobloch-Westerwick et al., 2017) , and the political actors (e.g., a political candidate) mentioned in the headline (party cues; Iyengar, Hahn, Krosnick, & Walker, 2008) . Although researchers have used the traditional choice based conjoint experiment to examine selective exposure (Mummolo, 2016) , researchers have yet to study all of these cues simultaneously. In order to account for all these factors simultaneously, we introduce a new conjoint experiment template that is tailored for political communication research. We use this approach to produce a script that constructs 756 headlines that vary on four attributes. Each headline has a partisan actor that signals a preference about a topic and is mentioned with a neutral, negative, or positive valance. We randomize the party of the actor (nine parties), the message topic (seven topics), the message direction (two preferences), and the valance of the mentioned actor (three valance categories). 
An example of the headlines is:
'Labor Party politician receives criticism for a new proposal: want to privatize the Norwegian Railroad Service'.
Procedure. We asked 2071 respondents in the NCP to closely read a selection of four randomly generated news headlines and decide which two headlines they would most likely choose to spend their time on, as displayed in Figure 3 .
The headlines were introduced with the following vignette: "We wish to study people's news habits. Below you will find some hypothetical headlines, which we have constructed, similar to those you may find in Norwegian online newspapers. Please read all of the headlines carefully and imagine that the headlines are real" followed by "You would perhaps not read any of these articles on a normal day, but let's say that you had to read 2 of these articles. Which articles would you prefer to spend your time on?" [Insert Figure 3 about here] Analysis. The data include 8284 observations of selection decisions. Because we force respondents to make a choice, we have information about which attributes respondents selected and which they did not. As with the first example, the analysis of the headline selections is straightforward. Given the assumptions mentioned earlier, we can estimate the average marginal treatment effect of the components in the headlines.
In the analysis of these headline selections, we focus on two so-called cues that can guide people's headline selection: message cues (i.e., people's preferences for political messages in line with their attitudes) and party cues (i.e., people's preference for news stories that feature a party or candidate they prefer). show through a lab experiment why we should study the effects of different sub-types (i.e., confirmation bias, in-group bias, and negativity bias) of selective exposure simultaneously. They cannot separate the effects of each sub-type because they do not use a conjoint experiment. Their argument would be strengthened by a tailored conjoint design that could enable a comparison of the effect of each cue. Crucially, our headline template demonstrate that party cues have a larger effect than message cues on people's propensity to engage in selective exposure.
We also argue that this example illustrates that political communication research is an ideal field for further innovating applications of the method. In the following section, we suggest a research agenda for how conjoint analysis can improve political communication research and how political communication can improve the method. approach to study effects of a range of variations of message framing, such as decomposing possible multidimensional relationships of framing being an information effect rather than an emphasis effect (Leeper & Slothuus, 2017) .
Third, as we have not illustrated or detailed here, conjoint designs are well-suited to study mediation effects and investigate whether the effects of the attributes in a conjoint design are conditional on specific attributes and whether the result is conditional on what attributes are included in the conjoint (e.g., Dafoe, Zhang, & Caughey, in press ). Acharya, Blackwell, and Sen (2016) 
Concluding Remarks
This article has highlighted how conjoint experiments can be used as a fruitful addition to political communication scholars' arsenal of research approaches. The traditional survey experiment has well-known restrictions regarding the number of factors we can study at any one time. Conjoint analysis addresses these issues by separately identifying several component-specific causal effects.
We believe that conjoint experiments can be employed considerably more than thus far in political communication research. In studies where researchers aim to study multidimensional causal relations and pit two or more hypotheses against one another, or where answers to scholarly debates hinge on the opportunity to overcome the survey experiment's constraints in number of experimental conditions, the conjoint experiment is a superior choice. Political communication scholars also have an opportunity to continue to innovate, enhance, and tune the conjoint design to better understand how political communication shapes modern political reality. 
